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Abstract

In this paper, we describe Language
Computer Corporation's GISTEXTER

question-focusedandupdate-basedmulti-
documentsummarization(MDS) systems.
We show thatby usinga machinereading
(MR) framework in order to construct
representationsof the knowledge in-
ferable from a text collection, we were
able to createcoherentsetsof “update”
summariesthat were likely to contain
“new” information that could not be
inferred from any previously considered
document.Detailsof ourDUC 2007Main
Tasksubmissionareprovidedaswell.

1 Intr oduction

While current approachesto the task of multi-
documentsummarizationhave led to the develop-
mentof systemswhich canreliably distill the con-
tent of a collection of documentsinto a coherent,
�x ed-lengthsummary(Blair-GoldensohnandMcK-
eown, 2006; Conroy et al., 2006; Lacatusuet al.,
2006),webelievethenext generationof summariza-
tion systems– suchasthe “update” summarization
systemsevaluatedaspartof DUC 2007– will need
to employ dedicatedmechanismsto ensurethat the
contentof newly-generatedsummariesis consistent
with (but not identicalto) the informationavailable
from the textual resourcespreviously available to
the system. In DUC 2007,we hypothesizedthat a
new type of naturallanguageunderstandingappli-
cation known asa MachineReading(MR) system

could be usedin order to provide “update-based”
summarizationsystemswith robust modelsof the
knowledgeinferablefrom a setof documents.We
assumedthatby comparingthecontentof eachup-
dateagainstknowledgebases(KB) compiledfrom
setsof documentsthat hadbeenpreviously “read”
by the system,we could generatesummariesthat
weremorelikely to contain“new” informationthat
hadnot beenpreviously mentionedin nor couldbe
inferredfrom any previously considereddocument.

Following recent work in MR (Etzioni et al.,
2006; Hickl and Harabagiu,2007), we developed
anMR systemwhichleveragedstate-of-the-arttech-
niquesfor recognizingforms of textual inference
including textual entailment (Hickl and Bensley,
2007;Hickl et al., 2006b)andtextual contradiction
(Harabagiuet al., 2006b) to constructrepresenta-
tionsof theknowledgeencodedin a text collection.
In our system,knowledgeis acquiredfrom texts by
recognizingall of theavailabletextualentailmentre-
lationshipsfoundbetweenthesetof discoursecom-
mitmentsextractablefrom thesetof sentencescon-
tainedin atext collection(i.e. thetext commitments)
and the setof commitmentsstoredin the system's
KnowledgeBase(KB). Oncea setof text commit-
mentshave beenextracted,we usea state-of-the-
art systemfor recognizingtextual entailment(RTE)
(Hickl and Bensley, 2007; Hickl et al., 2006b) to
identify thetext commitmentsthatareentailedby at
leastonecommitmentstoredin the KB. Text com-
mitmentsthatarenotentailedby thecurrentKB are
usedto updatethe KB prior to eachnew roundof
updates.
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Figure1: A MachineReading-BasedFramework for UpdateSummarization.

Eachnew updatesummaryis generatedin thefol-
lowing way. After a setof topic-relevant sentences
hasbeenidenti�ed, we useRTE to �lter any sum-
mary sentencewhich textually entailsat leastone
hypothesisin the current KB. In order to ensure
that sentencesthat includecontrastinginformation
orcorrectionsof previouscommitmentsareincluded
in updatesummaries,we usea systemfor recogniz-
ing textualcontradiction(Harabagiuetal.,2006b)in
orderto identify any summarysentencewhich tex-
tually contradictsat leastone hypothesisstoredin
theKB. Sentenceswhichmeetthesetwo criteriaare
then compiledinto a coherentsummaryusing the
method�rst describedin (Lacatusuet al., 2006).

Therestof thepaperis organizedin thefollowing
way. Section2 providesa detailedoverview of the
multi-documentsummarizationsystemsdeveloped
for theDUC 2007Main andUpdatetasks.Section
3 discussesresultsfrom theof�cial DUC evaluation,
andSection4 presentsourconclusions.

2 SystemDescription

In this section,we presentan overview of the sys-
tems we used to generatemulti-documentsum-
mariesfor the DUC 2007 Main and UpdatePilot
Tasks.Thearchitectureof thesystemswedeveloped
is presentedin Figure1.

With GISTEXTER, question-focused multi-
documentsummaries(suchasthoseevaluatedin the
DUC 2007Main Task)aregeneratedin a four-step
process.First,questionsaresubmittedto aQuestion
Processingmodule,which performssyntacticand

semanticquestiondecompositionof the complex
questionscreated for each summarizationtopic.
Second, subquestionsidenti�ed during Question
Processingaresentto a SentenceRetrieval module,
which usestwo typesof sentenceretrieval engines
in order to identify the set of relevant sentences
which should be consideredfor inclusion in a
summary. Next, sentencesarepassedto a Sentence
Rankingmodule,which identi�es the mostrespon-
siveand/ortopicalpassagesretrievedby thesystem.
Finally, the top-ranked sentencesareconsideredby
a SummaryGeneration module, which organizes
passagesinto coherentandresponsive text passage
whichcouldbereturnedto auser.

The processof generatingupdate summaries
leveragesthe sameQuestionProcessing, Sentence
Retrieval, and SentenceRankingmodulesusedby
thequestion-focusedsummarizationsystem.Oncea
rankedlist of sentenceshasbeenassembled,thetop-
n most relevant sentencesare thensentto a Com-
mitmentExtraction module,which usesa seriesof
heuristics(similar to thoseusedin (Hickl andBens-
ley, 2007)) in order to extract a subsetof the dis-
coursecommitmentsinferablefrom a text passage.

Thesediscoursecommitmentsare then sent si-
multaneouslyto a Textual Entailmentand Textual
Contradiction module which evaluateswhether a
particularextractedcommitmentis consistentwith
– or contradicts– somecommitmentstoredin the
system's availableKnowledge Base(KB).

Outputfrom thesystem's Textual Entailmentand
TextualContradictionmodulesarethenusedto both



updatethe existing KB and to selectsentencesfor
inclusionin anupdatesummary.

In ourcurrentmodel,thesystem'sKB is assumed
to representthesetof commitmentsthatareunique
to a speci�c setof documents.Commitmentsthat
arenot textually entailed– or aretextually contra-
dicted– by the KB areautomaticallyaddedto the
KB aftereach“round” of updatesummarization.

Judgmentsfrom the RTE and RTC modulesare
sentto a SentenceSelectionmodulein orderto re-
ranksentencesbasedon thecurrentstateof theKB.
Sentencesreceive a positive scorefor eachcommit-
mentthey containthatis nottextually entailedby the
KB. Likewise,retrievedsentencesthatcontaincom-
mitmentsthat are textually contradictedby a com-
mitment storedin the KB also receive a positive
score.Sentencesarethenre-ranked basedon these
judgmentsandare�nally sentto aSummaryGener-
ationmodulefor assemblyinto acoherentsummary.

In the rest of this section, we will brie�y de-
scribeeachof thecomponentsusedin creatingboth
question-focusedandupdate-basedmulti-document
summaries.

2.1 QuestionDecomposition

As with our previous DUC systems(Lacatusuet
al., 2005;Lacatusuet al., 2006),complex questions
wereinitially decomposedbothsyntacticallyandse-
mantically. Detailsof the syntacticdecomposition
techniquesemployed in GISTEXTER are given in
(Lacatusuetal.,2005),whileafull descriptionof the
algorithmusedtosemanticallydecomposequestions
is presentedin (Harabagiuet al., 2006a).Examples
of the syntacticandsemanticdecompositionof the
complex questionassociatedwith Topic 0716Dare
presentedin Table1.

2.2 SentenceRetrieval

As with (Lacatusuet al., 2006), we usedboth a
question-answeringsystemand a multi-document
summarizationsystemin orderto retrieve sentences
for eachof thesubquestionsidenti�ed duringques-
tion decomposition.

2.2.1 QuestionAnswering

We used output from LCC's PALAN-
TIR (Harabagiuet al., 2005; Hickl et al., 2006a)
question-answeringsystem in order to retrieve

Original
Describethedevelopmentof Australia'suranium
mineprojectin its KakaduNationalParkandthe
protestsandobstaclesencountered.

Syntactic

Describethedevelopmentof Australia'suranium
mineprojectin its KakaduNationalPark.
Describetheprotestsencountered.
Describetheobstaclesencountered.

Semantic

Who is opposedby thearea's traditionalowners?
Wheredoestheuraniummining leaselie?
Whatwill beremovedby police?
Who placedit on a list of endangeredworld her-
itagesites?
Who is still doingpreparatorywork?
What was recognizedby the United Nations'
World HeritageBureau?
How muchdo they invest in �ne papermanufac-
turing?

Table1: QuestionDecompositionsfor D0716.

sentencesin responseto the factoid and complex
questionsgeneratedduringquestiondecomposition.

Giveneachdecomposedquestion,PALANTIR de-
termined its expectedanswertype (EAT), which
maybecomplex (e.g. Describethedevelopmentof
Australia's uraniummineproject in its KakaduNa-
tional Park.) or relatively simple(e.g. Where does
the uranium mining leaselie?). For factoid ques-
tions,all entitieswithin thedocumentsetthatmatch
the EAT were consideredas answersand ranked;
sentencesthatcontainedthetop exactanswerswere
consideredto be relevant for inclusion in a multi-
documentsummary. For complex questions,any
sentenceoccurringin thetop10rankedpassagesre-
trieved by PALANTIR for eachquestionwerecon-
sideredto berelevant.

2.2.2 Multi-Document Summarization

GISTEXTER's multi-documentsummarization-
basedsentenceretrieval engineuseskeywords ex-
tractedfrom eachdecomposedquestionin conjunc-
tion with topicaltermsandrelationscomputedfrom
a setof documentsin orderto retrieve a relevantset
of sentencesthatcanbeincludedin asummary.

Keywords from the decomposedquestionswere
weighted using our question-answeringkeyword
extraction algorithm used in LCC's PALANTIR

(Harabagiuetal.,2005).Higherweightsweregiven
to propernouns,while lower weightsweregivento
commonwords. Stop words received a weight of
zero.

Keywordswereaugmentedwith Topic Signature
(TS1) terms(Lin and Hovy, 2000) and Enhanced



Topic Signature(TS2) terms (Harabagiu,2004).
(Examplesof TS1 termsarepresentedin Table2.)

A hill-climbing algorithmwasthenusedto deter-
minetherelative weightof keywordsandtopic sig-
natureterms.Thefollowing formulawasthenused
to scoreeachsentence:

nX

i =1

(hk log(ki ) + ht log(t i ))

wheren is thenumberof relevant termsin thesen-
tence,hk is thehill-climbedweightfor keywords,ht

is thehill-climbedweightfor topicsignaturewords,
ki is the keyword weight for the i th relevant term,
andt i is the topic signatureweight for the i th rele-
vantterm.

Term Weight Term Weight
uranium 491.99 world 52.12
mine 433.69 protester 48.91
australian 227.97 value 47.30
environmental 157.36 lease 44.48
park 134.09 escarpment 44.36
kakadu 106.39 �oodplain 42.75
mining 82.71 square 39.96
cultural 77.80 danger 38.77
ore 76.89 area 35.73
site 69.96 report 35.08
government 66.37 waterfall 34.90
endanger 59.16 jabiluka 34.75
metric 52.25

Table 2: Top 25 Topic Signature(TS1) termsfor
QuestionD0716.

2.3 SentenceRanking

Oncea set of sentenceshad beenretrieved by the
Q/A andMDS systems,weusedacoreferencereso-
lution systembasedon (Luo etal., 2004)in orderto
identify acandidateantecedentfor every instanceof
apronoun.Antecedentswereinsertedin thetext im-
mediatelyfollowing theoccurrenceof apronoun.1)

Following coreferenceresolution,redundancy �l-
teringwasperformedto increasethecoverageof rel-
evant informationin the summary. Sentenceswere
clusteredon their key termsusingk-NearestNeigh-
borclusteringandcosinesimilarity. Fromeachclus-
ter, the sentencecontainingthe most information

1In orderto createsummariesthatwereshorterthanthe250-
word maximumlength,pronounsweredroppedfrom thesum-
mary(leaving only theresolvedantecedent)whentheirremoval
would bring the total length of the summaryunderthe word
limit.

waskept for sentencescoring. (Detailsof theclus-
teringmethodweemploy in GISTEXTER arefound
in (Lacatusuetal., 2006).)

Eachsentenceretrievedby theQ/A andMDS sen-
tenceretrieval engineswasthenranked basedon a
numberof features,including(1) therelevancescore
derived from the sentenceretrieval engine,(2) the
positionof thesentencein adocument,(3) thelength
of the sentence,(4) the numberof namedentities
or topical termsfound in the sentence,and(5) the
length of the documentthat the sentencewas ex-
tractedfrom. A �nal scorewasdeterminedfor each
sentenceusingahill-climber similar to theoneused
in themulti-documentsummarizationsystem.Sen-
tenceswerethenrankedaccordingto this�nal score.

2.4 Summary Generation

After sentencerankingwasperformed,the top sen-
tenceswereaddedto a candidatesummaryuntil the
maximumlengthof the summarywasreached.In
order to ensurethe creationof summarieswhich
werelocally coherent,we useda hierarchicalclus-
teringalgorithmto re-ordersentencesthatwereex-
pectedto containsimilar typesof information. An
exampleof one sentencecluster identi�ed by this
mechanismis presentedin Figure2.
Thecompany wantsto truckuraniumorefrom Jabilukato its
existing mineandplantat Ranger, about13 miles (20 kms)
away, for processing.
Thecompany saysitsgoodenvironmentalrecordattheexist-
ing Rangermineshows theJabilukaprojectposesno threat.
But thecompany maybe left with nothingbut a hole in the
ground,asit goesaheadwithout having formal approvals to
eitherbuild a processingplant or to truck ore to an estab-
lishedmill at its nearbyRangermine.

Figure 2: Cluster of locally-coherentsentences
(D0716).

2.5 Machine Reading

When creating update summaries, ranked sets
of sentencesoutput from GISTEXTER's Sentence
Rankingmoduleare�rst sentto a CommitmentEx-
tractionmodulewhich usestheheuristicsidenti�ed
in (Hickl andBensley, 2007)in orderto enumeratea
subsetof thediscoursecommitmentsavailablefrom
eachsentence2.

2Following (Gunlogson,2001;Stalnaker, 1979),we assume
thata discoursecommitment(c) representstheany of thesetof
propositionsthatcannecessarilybe inferredto betrue,givena
conventionalreadingof a text passage.



Following (Hickl andBensley, 2007;Hickl et al.,
2006b; Harabagiuet al., 2006b), we perform the
recognitionof textualentailmentandtextual contra-
diction using two separateclassi�ers that estimate
thelikelihoodthatatext commitmentis textually en-
tailed(or textually contradicted)by oneof thecom-
mitmentsstoredin thesystem'savailableknowledge
base.

Text commitmentsthat are entailedby the KB
areassumedto represent“known” information;sen-
tencesthat contain entailedcommitmentsare as-
signed a negative weight during SentenceSelec-
tion. When text commitmentsare not entailedby
the KB, they areassumedto be “new” information
that is worthy of considerationin an updatesum-
mary;sentencesthatcontaintheseentailedcommit-
mentsareassigneda positive scoreat SentenceSe-
lection,andthecommitmentis addedto theKB. In
contrast,text commitmentswhicharetextually con-
tradictedby a KB commitmentareassumedto rep-
resent“changed”information which shouldbe in-
cluded in an updatesummary;sentencescontain-
ing thesecommitmentsareassignedapositive score
duringSentenceSelection,andtheKB is updatedto
re�ect thenew text commitment.

3 Discussionof Results

This sectionpresentsour system's resultsfrom the
DUC 2007Main TaskandUpdatePilot Task.

3.1 Main TaskResults

The 2007versionof GISTEXTER received slightly
higher scores for all � ve “content”-basedmet-
rics (Content Responsiveness,Modi�ed Pyramid,
ROUGE-2, ROUGE-SU4,and BE) than the very
similar systemthat participatedin the DUC 2006
evaluation.(Resultsfrom DUC 2006andDUC 2007
submissionsarepresentedin Table3.)

While our DUC 2007systemdid not employ the
automaticpyramid creationtechniquesintroduced
in our DUC 2006 system(Lacatusuet al., 2006),
GISTEXTER's relianceon a batteryof questionde-
compositionandtopicmodelingtechniquesenabled
it to producesummariesthat wereamongthe most
responsive seenin this year's evaluation. While
our systemrank dipped slightly for the Content
ResponsivenessandModi�ed Pyramidmetrics,the

DUC 2006 DUC 2007
Metric Score Rank Score Rank

ContentResponsiveness 3.08 1 3.31 2
Modi�ed Pyramid 0.21 4 0.31 5
ROUGE-2 0.08 12 0.11 7
ROUGE-SU4 0.14 15 0.16 7
BE 0.04 11 0.06 6
LQ1: Grammaticality 4.62 1 4.64 1
LQ2: Non-redundancy 4.60 5 3.89 6
LQ3: Referentialclarity 3.71 4 4.09 1
LQ4: Focus 4.28 2 4.24 1
LQ5: Struct.andCoherence 3.28 2 3.69 1

Table3: DUC 2007Resultsfor theMain Task.

2007versionof GISTEXTER received higheraver-
agescoresfor all � ve contentmetricswhen com-
paredto its 2006counterpart.

ERA hasgovernmentapproval to build auraniummineat its
Jabilukaleasewithin thepark's boundaries,neara uranium
mine it alreadyoperatesinside the park. Constructionbe-
gunoneweekagoat Jabiluka,a uraniummining leaselying
within the boundariesof KakaduNationalPark. The Aus-
tralian government's environmentalreport on the Jabiluka
uraniummine (locatedin KakaduNaturalPark), found the
areais not underthreatandattackeda UNESCOreportthat
saidKakaduNaturalParkwasin danger.
Many environmentalistshave beencalling on theAustralian
governmentnot to approve theuraniumminingprojectadja-
centto the park,but thegovernmentrejectedtheir environ-
mentalconcerns,sayingjobs andexport incometo be gen-
eratedfrom themining projectis important.Australiancon-
servationistsandtraditionalaboriginalownersthreatenedto
blockadedevelopmentof the hugeJabilukauraniummine
in the country's vast KakaduNational Park. A high-level
United Nationsdelegationon Monday began touring Aus-
tralia's KakaduNationalPark to examineclaimsa uranium
minebeingbuilt in theregion threatensuniqueculturaland
environmentalvalues. In a submissionto the U.N. team,
which is investigatingwhetherthe mine threatensthe envi-
ronmentalandculturalvaluesof Kakadu,thecouncilsaidit
wasparticularlyconcernedabouttheMalakunanja2 archae-
ologicalsite,just 1.2miles(2 kilometers)from themineen-
trance.“Themissionhasnotedsevereascertainedandpoten-
tial dangersto theculturalandnaturalvaluesof theKakadu
NationalPark, posedprimarily by theproposalfor uranium
miningandmilling at Jabiluka,”.

Figure3: Summarygeneratedby GISTEXTER for
topicD0716.

Comparedto our results from DUC 2006, the
2007 versionof GISTEXTER received higher lin-
guisticqualityscoresfor twodimensions:referential
clarity (LQ3) and structureand coherence(LQ5);
twootherdimensions:grammaticality(LQ1)andfo-
cus(LQ4) remainessentiallyunchanged,while the
scoresfor a �fth dimension,non-redundancy (LQ2)
weremarkedly lower.
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(a) (b)

Figure4: Exampleof theuseof coreferenceinformationin generatingsummaries(a) by GISTEXTER, and
(b) by ahuman.

Unlike our 2006 submission,we usedthe out-
put of an automaticcoreferenceresolutionsystem
in order to resolve the antecedentsof all pronomi-
nalexpressionsfoundin theoutputsummary. While
this approachimproved the referential clarity of
our summaries,we believe that our inability to de-
terminewhich pronounsshouldbe resolved – and
whichshouldbeleft unresolved– wasacontributing
factor in our reducednon-redundancy score(DUC
2006:4.60,DUC 2007:3.89).

As canbe seenin Figure4, resolvingall of the
pronounsin a candidatesummaryoften resultedin
the creationof a text which featuredthe repeated
mentionof a name,a factorwhich we believe de-
gradedthe naturalnessof the summaryand con-
tributed to the perceptionthat similar kinds of in-
formationwerebeingrepeatedthroughoutthesum-
mary.

3.2 UpdateTaskResults

GISTEXTER obtained very competitive results
acrossall evaluationmetricsfor theDUC 2007Up-
datePilot Task. (Resultsfrom this year's task are
presentedin Table4.3)

GISTEXTER producedupdate summariesthat
wereconsistentlyjudgedto be amongthe top three
performingsystems,regardlessof conditionor scor-
ing metric. The graphillustratedin Figure 5 pro-
videsacomparisonof theperformanceof GISTEX-
TER with regard to the other systemparticipating
in the DUC 2007 UpdateTask. The graph rep-
resentsthe sum of the ranksobtainedby the sys-
temsfor eachof thethreetypesof summaries(sum-
mary A, B, or C); lower scoresindicatebettersys-

3The peerscoresaresortedbasedon the averageContent
Responsivenessmetric. R-2 andSU4 representtheROUGE-2
andROUGE-SU4scores,respectively.

tem performance. Figure 5 shows that GISTEX-
TER wasmarkedly betteron both ContentRespon-
sivenessandModi�ed Pyramidthanthe next near-
est competitors(5 point differencebasedon Con-
tentResponsivenessrankings,and8 pointdifference
basedontheModi�ed Pyramidrankings).Thesere-
sultssuggestthat forms of textual inference– such
astextual inferenceandtextual contradiction– are
valuablein recognizingwhen informationcan and
cannotbe inferredfrom previous documentcollec-
tions. They alsopoint out a future wheresumma-
rization will dependon truly understandingthe se-
manticcontentof a text, andnot only rely on statis-
tical approximationsof relevance.
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As with our submissionto the DUC 2007Main
Task,we believe that GISTEXTER's useof a rele-
vancemodelbasedontheoutputof questiondecom-
position and topic representationsystemsenables
it to createhighly responsive summarieswhich are
alsorelevant to theoverall topic of a documentcol-
lection. This enablesus to identify the most rele-
vant snippetsof text that arealsoimportantfor the



Score Rank
Modi�ed Pyramid ContentResponsiveness R-2 SU4 BE Modi�ed Pyramid ContentResp. R-2 SU4 BE

Peer Avg A B C Avg A B C Avg Avg Avg Avg A B C Avg A B C Avg Avg Avg
40 0.34 0.40 0.28 0.34 2.97 3.30 2.70 2.90 0.11 0.14 0.07 1 1 2 3 1 1 3 2 1 1 1
36 0.26 0.33 0.20 0.26 2.80 3.10 2.70 2.60 0.09 0.13 0.05 9 4 10 9 2 2 3 6 7 8 6
38 0.27 0.29 0.19 0.32 2.77 2.70 2.80 2.80 0.09 0.13 0.05 7 10 12 6 3 6 2 4 9 7 11
55 0.29 0.34 0.22 0.32 2.70 3.00 2.70 2.40 0.10 0.14 0.05 4 3 6 5 4 3 3 8 2 3 7
58 0.24 0.28 0.24 0.22 2.70 3.00 2.60 2.50 0.09 0.12 0.04 12 12 3 14 4 3 6 7 10 9 12
46 0.31 0.28 0.23 0.41 2.67 2.60 2.50 2.90 0.09 0.13 0.05 2 14 4 1 6 9 8 2 6 6 5
47 0.27 0.30 0.18 0.34 2.63 2.60 2.50 2.80 0.09 0.13 0.05 5 9 13 4 7 9 8 4 4 5 4
44 0.30 0.32 0.29 0.29 2.60 2.80 2.90 2.10 0.09 0.14 0.06 3 5 1 7 8 5 1 17 5 2 2
45 0.27 0.23 0.20 0.38 2.53 2.30 2.30 3.00 0.10 0.13 0.06 6 17 9 2 9 17 11 1 3 4 3
48 0.25 0.31 0.21 0.23 2.43 2.50 2.60 2.20 0.09 0.12 0.05 11 6 8 13 10 13 6 11 8 10 8
51 0.26 0.35 0.21 0.22 2.40 2.60 2.40 2.20 0.08 0.12 0.05 10 2 7 15 11 9 10 11 12 11 9
53 0.23 0.29 0.19 0.21 2.30 2.40 2.10 2.40 0.07 0.11 0.04 14 11 11 16 12 15 13 8 14 14 13
42 0.19 0.25 0.13 0.20 2.27 2.70 1.90 2.20 0.07 0.11 0.03 17 15 17 18 13 6 18 11 15 16 18
52 0.26 0.31 0.23 0.25 2.27 2.60 2.10 2.10 0.08 0.12 0.05 8 7 5 12 13 9 13 17 11 12 10
43 0.20 0.28 0.12 0.19 2.24 2.70 1.90 2.11 0.07 0.11 0.03 16 13 19 19 15 6 18 16 16 15 15
37 0.21 0.22 0.15 0.26 2.23 2.10 2.20 2.40 0.04 0.08 0.03 15 18 15 10 16 18 12 8 23 23 17
49 0.23 0.30 0.10 0.28 2.23 2.40 2.10 2.20 0.07 0.11 0.04 13 8 21 8 16 15 13 11 13 13 14
54 0.16 0.14 0.12 0.21 2.03 1.90 2.10 2.10 0.05 0.10 0.03 19 21 18 17 18 22 13 17 19 18 20
56 0.16 0.18 0.14 0.17 2.03 2.00 2.10 2.00 0.06 0.10 0.03 18 20 16 21 18 19 13 20 17 17 19
39 0.16 0.18 0.10 0.19 1.97 2.00 1.70 2.20 0.05 0.10 0.02 20 19 23 20 20 19 23 11 20 20 21
41 0.14 0.24 0.08 0.11 1.93 2.50 1.50 1.80 0.06 0.10 0.03 22 16 24 22 21 13 24 22 18 19 16
50 0.15 0.10 0.10 0.25 1.93 2.00 1.80 2.00 0.05 0.09 0.02 21 23 20 11 21 19 22 20 21 21 22
35 0.12 0.13 0.16 0.08 1.67 1.80 1.90 1.30 0.05 0.08 0.02 23 22 14 23 23 23 18 24 22 22 24
57 0.07 0.05 0.10 0.08 1.67 1.40 1.90 1.70 0.04 0.07 0.02 24 24 22 24 23 24 18 23 24 24 23

Table4: UpdateTaskEvaluation.

main topic of thedocuments.While in a 250word
summarythereis spacefor thepotentialside-topics
presentin the document,a 100 word summary(as
requiredby theUpdateTask)hasspaceonly for in-
formationrelevant to the main topic. It is interest-
ing to note that our averageContentResponsive-
nessscorefor the documentset A in the Update
Task (3.30) was almost the sameas the scorewe
obtainedfor themain task(3.31). This observation
sustainsour previousconclusion,that GISTEXTER

rankshighestthemostsalientinformation,if wetake
into accountthe fact that while the summarysize
decreasedfrom 250 to 100 words, the responsive-
nessscoreremainedunchanged.For documentset
A summarytherewasno needto �lter out “previ-
ously reported”information, as no documentshad
previouslybeenconsumedby thesystem.

For thesummariesgeneratedfrom documentsets
B andC, the systemshadto disregard information
reportedin thepreviousdocumentsets(in setA for
summariesfrom B, and in setsA and B for sum-
mariesgeneratedfrom set C). Our responsiveness
scoresfor thesetwo sets,while still highly com-
petitive, were lower than the responsivenessscore
for the summariesgeneratedfor documentset A.
Thesummariesgeneratedby GISTEXTER for topic
D0716D:“JabilukaUraniumMine” arepresentedin
Figure6.

4 Conclusions

This paperdemonstratedhow state-of-the-artsys-
tems for recognizing forms of textual inference
couldbeusedin orderto generatecoherentupdates
thatmaximizetheamountof “new” informationin-
cludedin a �x ed-lengthsummary. While our DUC
2007 resultswere encouraging,it is important to
notethattheMachineReadingmechanismwe have
introducedhererepresentsonly oneof thepossible
ways that textual inferenceinformation can be in-
tegratedinto a multi-documentsummarizationsys-
tem. In future work, we plan to experimentwith
new modelsfor knowledgeacquisitionwhich incor-
porateadditionalformsof textual inference(includ-
ing temporalandmodel-basedinference)in orderto
generateupdatesummaries.

References

S. Blair-GoldensohnandK. McKeown. 2006. Integrat-
ing Rhetorical-SemanticRelationModels for Query-
FocusedSummarization.In Proceedingsof theDocu-
mentUnderstandingWorkshop(DUC-2006).

John M. Conroy, Judith D. Schlesinger, Dianne P.
O'Leary, andJadeGoldstein. 2006. Back to Basics:
CLASSY 2006. In Proceedingsof theDocumentUn-
derstandingWorkshop(DUC-2006).

OrenEtzioni, Michele Banko, andMichael J. Cafarella.
2006. Machinereading.In Proceedings,TheTwenty-



More than100 protesterswerearrested
Friday after overwhelming police and
stormingontothesiteof aproposednew
uraniummine in Australia's north. The
Australian governmenttoday gave the
greenlight to the country's controver-
sial uraniummining plan, arguing that
it would generatebillions of U.S. dol-
lars in revenuefor Australiansandcre-
ate2,000jobs.
Australian conservationists and tradi-
tional aboriginal owners threatenedto
blockadedevelopmentof the huge Ja-
biluka uranium mine in the country's
vastKakaduNationalPark, which is on
theWorldHeritageList, afterthefederal
governmentapproved the mining plan
for theJabilikamineyesterday.

Archaeologicalsitesthat show humans
lived in Australia up to 60,000 years
ago could be damagedby a uranium
minebeingbuilt within theKakaduNa-
tional Park, a high-level U.N. commit-
teewastold Wednesday. Australiafaces
internationalembarrassmentovertheJa-
biluka uraniummine,with a U.N. com-
mitteeWednesdaydemandingthe mine
be scrappedto prevent it endangering
thesurroundingKakaduWorld Heritage
area.
An old car dressedup to look like a
frill-necked lizard blocked the entrance
to theJabilukauraniumminesiteinside
thebordersof KakaduNationalPark on
Friday.

Many environmentalistshave beencall-
ing on the Australian governmentnot
to approve the uraniummining project
adjacentto the park, but the govern-
ment rejectedtheir environmentalcon-
cerns, saying jobs and export income
to begeneratedfrom themining project
is important. Australia's conservative
governmentde�ed a U.N. body's dec-
laration that Kakadu National Park is
a World Heritageareaby declaring it
will allow uraniummining at Jabiluka.
The Australian federal governmentre-
jecteda UNESCOreport which called
for Kakaduin northwestAustraliato be
placedontheendangeredlist becauseof
thethreatposedby theJabilukauranium
mine.

(a) (b) (c)

Figure 6: Summariesgeneratedby GISTEXTER for the UpdateTask Examplefrom documentsets(a)
D0716D-A,(b) D0716D-B,and(c) D0716D-C.

First National Conference on Arti�cial Intelligence
(AAAI-2006).

C. Gunlogson.2001. True to Form: RisingandFalling
Declarativesas Questionsin English. Ph.D. thesis,
Universityof CaliforniaSantaCruz.

S. Harabagiu, D. Moldovan, C. Clark, M. Bowden,
A. Hickl, andP. Wang. 2005. Employing Two Ques-
tion AnsweringSystemsin TREC2005. In Proceed-
ingsof theFourteenthText REtrieval Conference.

SandaHarabagiu,Finley Lacatusu,and Andrew Hickl.
2006a. AnsweringComplex Questionswith Random
Walk Models. In Proceedingsof the29th AnnualIn-
ternationalACM SIGIR.

SandaM. Harabagiu,Andrew Hickl, and Finley Laca-
tusu. 2006b. Negation, contrastand contradiction
in text processing.In Proceedings,TheTwenty-First
NationalConferenceon Arti�cial Intelligence(AAAI-
2006).

SandaHarabagiu. 2004. IncrementalTopic Represen-
tations. In Proceedingsof the 20thCOLINGConfer-
ence, Geneva,Switzerland.

Andrew Hickl andJeremyBensley. 2007. Recognizing
TextualEntailmentwith LCC'sGroundhogSystem.In
Proceedingsof the Third PASCALChallengesWork-
shop(to appear).

Andrew Hickl and SandaHarabagiu. 2007. Machine
ReadingthroughTextual andKnowledgeEntailment.
In Proceedingsof the AAAI 2007SpringSymposium
SeriesWorkshoponMachineReading.

A. Hickl, J.Williams, J.Bensley, K. Roberts,Y. Shi,and
B. Rink. 2006a. QuestionAnsweringwith LCC's

CHAUCERat TREC2006. In Proceedingsof theFif-
teenthText REtrieval Conference(TREC2006).

Andrew Hickl, John Williams, JeremyBensley, Kirk
Roberts,Bryan Rink, and Ying Shi. 2006b. Rec-
ognizingTextual Entailmentwith LCC's Groundhog
System.In Proceedingsof theSecondPASCALChal-
lengesWorkshop.

F. Lacatusu,A. Hickl, P. Aarseth,andL. Taylor. 2005.
Lite-GISTexter at DUC 2005. In Proceedingsof
the DocumentUnderstandingWorkshop(DUC-2005)
Presentedat theHLT/EMNLPAnnualMeeting.

Finley Lacatusu,Andrew Hickl, Kirk Roberts,Ying Shi-
andJeremyBensley, Bryan Rink, Patrick Wang,and
Lara Taylor. 2006. LCC's GISTexter at DUC 2006:
Multi-Strategy Multi-Document Summarization. In
Proceedingsof the DocumentUnderstandingWork-
shop(DUC-2006).

Chin-Yew Lin and Eduard Hovy. 2000. The auto-
matedacquisitionof topic signaturesfor text summa-
rization. In Proceedingsof the18thCOLINGConfer-
ence, Saarbr̈ucken,Germany.

XiaoqiangLuo, Abe Ittycheriah,HongyanJing, Nanda
Kambhatla,and Salim Roukos. 2004. A mention-
synchronouscoreferenceresolutionalgorithm based
on the bell tree. In Proceedingsof the 42nd Meet-
ing of the Associationfor ComputationalLinguistics
(ACL'04), Main Volume, pages135–142.

RobertStalnaker. 1979. Assertion. In PeterCole, edi-
tor, SyntaxandSemantics, volume9, pages315–332.
AcademicPress,London.


